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ABSTRACT: This exploratory study extends the literature on the convergence of per capita carbon dioxide 53 
emissions in analyzing the stochastic and club convergence within a panel framework for developing 54 
countries.  The results from Pesaran (2007) and Bai and Carrion-i-Silvestre (2009) panel unit root tests with 55 
allowance for cross-sectional dependence confirm stochastic convergence for low-income, lower-middle 56 
income, and combined country panels. Further analysis using the nonlinear time-varying factor model of 57 
Phillips and Sul (2007; 2009) to test for convergence reveals the emergence of multiple convergence clubs 58 
within each of the three country panels examined.  We observe geographic proximity among many of the 59 
countries within the respective convergence clubs. 60 
 61 
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Convergence of Per Capita Carbon Dioxide Emissions among Developing Countries: 100 
Evidence from Stochastic and Club Convergence Tests 101 
 102 
 103 
1. Introduction 104 
While renewable energy sources and conservation measures have grown in importance as 105 
policymakers attempt to mitigate the global impact of greenhouse gas emissions on climate change and the 106 
environment, fossil fuels continue to serve as the primary energy source for a vast majority of countries. 107 
With carbon dioxide emissions a prominent component of greenhouse gas emissions, the debate continues 108 
in regard to the appropriate mitigation and emission allocation strategies, as reflected in the Framework 109 
Convention on Climate Change in 1992, the Kyoto Protocol in 1997, and the Paris agreement in 2015.1  110 
Indeed, the generation of carbon dioxide emissions is directly tied to the country’s energy mix, level of 111 
economic development, economic structure, natural resource endowments, among other factors, and as 112 
such, vary greatly across developed and developing countries. This is a relevant point in the discussions 113 
related to the emission allocation approaches that focus on the distribution of per capita emissions. 114 
Specifically, countries with lower per capita emissions (i.e. developing countries) may very well expect 115 
countries with higher per capita emissions (i.e. developed countries) to shoulder more of the burden for the 116 
mitigation efforts and the reduction in emissions (Aldy, 2006).  This issue of fairness and equity associated 117 
with emission allocation strategies on a per capita basis becomes less of a concern if there is convergence 118 
in per capita emissions. On the other hand, if per capita emissions fail to converge, then a per capita 119 
emissions allocation scheme would trigger the potential for the relocation of emission-intensive industries 120 
and resource transfers through international trading of carbon allowances.2   121 
The distinction in the convergence behavior between developed and developing is relevant in 122 
relation to the environmental Kuznets curve (EKC).  The EKC hypothesis postulates that in the early stages 123 
 
1 See Zhou and Wang (2016) for a review of carbon dioxide emissions allocation approaches. 
 
2 In addition, the convergence of per capita emissions is also a key assumption inherent in climate change models, and 





of economic development and growth, environmental quality diminishes as income increases.  However, at 124 
some threshold level of income the demand for environmental quality increases whereby emissions 125 
decrease.  Another facet influencing a country’s emissions profile is the adoption of clean energy 126 
technologies across industries with differing pollution intensities and the substitution toward more 127 
environmentally friendly inputs in the production process (Apergis and Payne, 2020).  Moreover, the green 128 
Solow model set forth by Brock and Taylor (2010) demonstrate that technological progress which enhance 129 
production efficiencies and abatement are fundamental considerations in the relationship between the EKC 130 
hypothesis and the convergence of emissions.  131 
In this context, the literature on the issue of carbon dioxide emissions convergence has been 132 
extensively explored in the literature, as documented in the survey articles by Pettersson et al. (2014), Acar 133 
et al. (2018), and Payne (2020).3 In general, the evidence from large multi-country studies on the 134 
convergence of per capita carbon dioxide emissions has been generally mixed (see Nguyen Van, 2005; 135 
Aldy, 2006; Ezcurra, 2007a; Westerlund and Basher, 2008; Nourry, 2009; Panopoulou and Pantelidis, 2009; 136 
Brock and Taylor, 2010; Ordas Criado and Grether, 2011; Herrerias, 2013; Li and Lin, 2013; Acaravci and 137 
Erdogan, 2016; Ahmed et al. 2017; Brannlund et al. 2017; Churchill et al. 2018; Rios and Gianmoena, 138 
2018; Haider and Akram, 2019; and Fernandez-Amador et al. 2019).  However, studies focused on countries 139 
grouped by institutional structure, income classification, and geographic region lend greater support for 140 
convergence in per capita carbon dioxide emissions (see Strazicich and List, 2003; Barassi et al 2008, 2011, 141 
2018; Lee et al. 2008; Lee and Chang, 2008, 2009; Romero-Avila, 2008; Jobert et al. 2010; Herrerias, 2012; 142 
 
3 While we focus our attention on per capita carbon dioxide emissions, a number of studies have investigated other 
types of emissions.   In the case of sulfur dioxide and/or nitrogen oxide emissions, see List (1999), Lee and List 
(2004), Bulte et al. (2007), Ordas Criado et al. (2011), Payne et al. (2014), Hao et al. (2015), Liu et al. (2018), and 
Solarin and Tiwari (2020); greenhouse gas emissions, see El-Montasser et al. (2015) and de Oliveira and 
Bourscheidt (2017); ecological footprint see Biligili and Ulucak (2018), Ulucak and Apergis (2018), Solarin (2019), 
Ulucak et al. (2020), and Yilanci and Pata (2020); and for protected areas in the measurement of environmental 





Yavuz and Yilanci, 2013; Solarin, 2014; Robalino-Lopez et al. 2016; Presno et al, 2018; Erdogen and 143 
Acaravci, 2019; and Karakaya et al. 2019).4,5    144 
Given the majority of the studies to date have focused primarily on more developed, industrialized 145 
countries, we explore the convergence of per capita carbon dioxide emissions in the case of developing 146 
countries due to the differences in their level of economic development and growth prospects relative to 147 
industrialized countries as the EKC hypothesis would suggest.  Furthermore, this line of inquiry will provide 148 
additional insights on the environmental sustainability of the economic development process for developing 149 
countries.  As such, we test for the convergence of emissions using two approaches: stochastic convergence 150 
and club convergence.  Following Carlino and Mills (1993) and Bernard and Durlauf (1995; 1996), the 151 
stochastic convergence approach evaluates the stationarity of relative per capita carbon dioxide emissions 152 
defined for each country i as the natural logarithm of the ratio of per capita carbon dioxide emissions relative 153 
to the average of all countries. If relative per capita carbon dioxide emissions follow a stationary process 154 
(i.e. stochastic convergence), shocks will be transitory in nature.  Unlike the stochastic convergence 155 
approach, which relies on unit root/stationarity tests, the club convergence approach of Phillips and Sul 156 
(2007; 2009), which is based on a nonlinear time-varying factor model, does not depend on the stationarity 157 
properties of variables in question and considers the possibility of multiple convergence clubs.  As noted 158 
by Panopoulou and Pantelidis (2009), the Phillips-Sul approach is similar to examining conditional σ-159 
convergence and β-convergence with a panel framework.6 More specifically, the Phillips-Sul approach tests 160 
 
4 In addition to country-wide studies, several studies have examined the convergence of per capita carbon dioxide 
emissions at the sub-national level, for the U.S. see Aldy, 2007; Burnett, 2016; and Apergis and Payne, 2017 and for 
China see Huang and Meng, 2013;Wang and Zhang, 2014; Wu et al. 2016; and Yu et al. 2019. 
 
5 Ezcurra (2007a), Li et al. (2014), and Tiwari and Mishra (2017) investigate the convergence of the level of carbon 
dioxide emissions. Camarero et al. (2008) and Camarero et al. (2013b) explore the convergence of environmental 
performance indicators and eco-efficiency indicators, respectively.  Camarero et al. (2013a), Moutinho et al. (2014), 
Wang et al. (2014), Brannlund et al. (2015), Hao et al. (2015), Zhao et al. (2015), Apergis et al. (2017), Kounetas 
(2018), Yu et al. (2018), Apergis and Payne (2020), and Apergis et al. (2020) examine the convergence of carbon 
dioxide emissions intensity. 
 
6 As pointed out by Quah (1993) along with Evans (1996) and Evans and Karras (1996), cross-sectional β-





for a decline in the cross-sectional variation of per capita carbon dioxide emissions among countries over 161 
time (conditional σ-convergence), as well as test whether or not heterogeneous time-varying idiosyncratic 162 
components converge over time to a constant after controlling for a common growth component among 163 
countries (conditional β-convergence).  164 
Section 2 discusses the data, methodology, and results, while Section 3 provides concluding 165 
remarks.   166 
  167 
2.  Data, Methodology and Results 168 
2.1. Data 169 
 Annual data from 1972 to 2014 for per capita carbon dioxide emissions (in metric tons) is obtained 170 
from the World Bank Development Indicators.7  The data is constructed into three panels: (1) low-income 171 
countries (27), lower-middle income countries (38), and the combination of both low- and lower-middle 172 
income countries (65) as shown in Appendix A.  Table 1 displays the summary statistics of per capita carbon 173 
dioxide emissions by income classification.  For the case of low-income countries in Panel A of Table 1, 174 
we find that mean per capita carbon dioxide emissions ranges from 0.034 in Burundi and Chad to 2.644 in 175 
the Syrian Arab Republic, while the variation (standard deviation) ranges from 0.009 in Burundi to 0.643 176 
in the Syrian Arab Republic.   The distribution of per capita carbon dioxide emissions shows positive 177 
skewness in 21 of the 27 countries with the kurtosis measure less than three for 17 of the 27 countries. The 178 
null hypothesis of normality in the distribution of per capita carbon dioxide emissions is rejected in over 179 
half the countries.   180 
In Panel B for lower-middle income countries, we find much more dramatic ranges in both the 181 
mean and variation of per capita carbon dioxide emissions. The mean per capita carbon dioxide emissions 182 
ranges from 0.120 in Bangladesh to 4.362 in Mongolia, and the variation (standard deviation) ranges from 183 
0.040 in Comoros to 1.974 in Mongolia. The distribution of per capita carbon dioxide emission also reveals 184 
 




positive skewness in 30 of the 38 countries with the kurtosis measure less than three for 29 of the 38 185 
countries.  The null hypothesis of normality in the distribution of per capita carbon dioxide emissions is 186 
rejected in nearly half the countries. 187 
[Insert Table 1 here] 188 
2.2. Stochastic Convergence 189 
We begin our analysis with examining stochastic convergence within a panel data framework 190 
recognizing that first-generation panel unit root tests may yield biased results if positive residual cross-191 
section dependence is present. As a result, second generation panel unit root tests have evolved to address 192 
the need to first determine the degree to which cross-sectional dependence is an issue.  As such, we explore 193 
whether or not cross-sectional dependence is present in the data using the Pesaran (2004) cross-sectional 194 
dependence (CD) statistic.  The CD statistic is an average of all pair-wise correlation coefficients of the 195 
ordinary least square residuals from the standard augmented Dickey-Fuller (1979) regression. With the null 196 
hypothesis of cross-sectional independence, the CD statistic follows asymptotically a two-tailed normal 197 
distribution as follows: 198 




𝑖𝑖=1 � ,            (1) 199 
where T is the time period and N is the number of countries. 𝜌𝜌�𝑖𝑖𝑖𝑖 is the pair-wise correlation coefficient 200 
estimates of the residuals. The results in Table 2 show that up to three lags, the null hypothesis of cross-201 
sectional independence is rejected for each of the three country panels.  202 
[Insert Table 2 here] 203 
Given the presence of cross-sectional dependence, we proceed with Pesaran’s (2007) augmented 204 
ADF-panel unit root test, which incorporates the lagged cross-sectional mean and its first difference tin 205 
recognition of cross-sectional dependence as follows:  206 
∆𝑦𝑦𝑖𝑖𝑖𝑖 = 𝛼𝛼𝑖𝑖 + 𝛽𝛽𝑖𝑖𝑦𝑦𝑖𝑖𝑖𝑖−1 + 𝜃𝜃𝑖𝑖𝑦𝑦�𝑖𝑖−1 + 𝛾𝛾𝑖𝑖∆𝑦𝑦�𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖 ,      (2) 207 
where y�t−1 denotes the mean of the lagged levels; ∆y�i is the mean of the first-differences; and εit is the 208 




individual cross-sectional-ADF statistics (CADF) from Equation (2) in defining the cross-sectional 210 
augmented IPS (CIPS) to test the null hypothesis of a unit root:   211 
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 = 1
𝑁𝑁
∑ 𝑡𝑡𝑖𝑖(𝑁𝑁,𝑇𝑇)𝑁𝑁𝑖𝑖=1  ,                     (3) 212 
where ti(N, T) represents the t-statistic from the ordinary least squares estimate of β in Equation (2). In 213 
addition, we also correct for potential small sample bias via the CIPS* statistic as follows: 214 
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶∗ = 1
𝑁𝑁
∑ 𝑡𝑡𝑖𝑖∗𝑁𝑁𝑖𝑖=1 (𝑁𝑁,𝑇𝑇) ,         (4) 215 
where 216 
𝑡𝑡𝑖𝑖∗(𝑁𝑁,𝑇𝑇) = �
𝐾𝐾1 𝑡𝑡𝑖𝑖(𝑁𝑁,𝑇𝑇) ≤ 𝐾𝐾1
𝑡𝑡𝑖𝑖(𝑁𝑁,𝑇𝑇) 𝐾𝐾1 < 𝑡𝑡𝑖𝑖(𝑁𝑁,𝑇𝑇) < 𝐾𝐾2
𝐾𝐾2 𝑡𝑡𝑖𝑖 ≥ 𝐾𝐾2
         217 
The constants K1 and K2 are fixed, where the probability that ti(N,T) resides in [K1, K2] and close to one. 218 
Panel A of Table 3 displays the results of the Pesaran (2007) panel unit root tests with respect to relative 219 
per capita carbon dioxide emissions for the three country panels. The null hypothesis of a unit root is 220 
rejected at the 1% significance level across all three country panels based on the CIPS and CIPS* statistics, 221 
thus supporting stochastic convergence with respect to relative per capita carbon dioxide emissions.  222 
To address the possibility of spurious results due to the absence of structural breaks, we also report 223 
tests for panel unit roots under multiple structural breaks using the Bai and Carrion-i-Silvestre (2009) 224 
approach.   The Bai and Carrion-i-Silvestre (2009) panel unit root test takes into consideration both multiple 225 
structural breaks and cross-section dependence through the common factors model proposed by Bai and Ng 226 
(2004). Their method allows for structural breaks in the level, slope, and both the level and slope, thus 227 
providing a certain degree of heterogeneity in the number of breaks across countries.  This approach relies 228 
on the following two models: 229 
𝐶𝐶𝑖𝑖𝑖𝑖 = 𝜇𝜇𝑖𝑖 + ∑ 𝜃𝜃𝑖𝑖𝑖𝑖𝐶𝐶𝐷𝐷𝑖𝑖𝑖𝑖𝑖𝑖
𝑙𝑙𝑖𝑖
𝑖𝑖=1  ,         (5) 230 
and  231 
𝐶𝐶𝑖𝑖𝑖𝑖 = 𝜇𝜇𝑖𝑖 + 𝛽𝛽𝑖𝑖𝑖𝑖 + ∑ 𝜃𝜃𝑖𝑖𝑖𝑖𝐶𝐶𝐷𝐷𝑖𝑖𝑖𝑖𝑖𝑖
𝑙𝑙𝑖𝑖
𝑖𝑖−1 + ∑ 𝛾𝛾𝑖𝑖𝑖𝑖𝐶𝐶𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖
𝑚𝑚𝑖𝑖




where the component 𝐶𝐶𝑖𝑖𝑖𝑖 represents the deterministic component.  The structural breaks associated with 233 
the mean and the trend of a series, respectively, are denoted by 𝑙𝑙𝑖𝑖 and 𝑚𝑚𝑖𝑖 , in which the number of breaks, 234 
𝑙𝑙𝑖𝑖 and 𝑚𝑚𝑖𝑖 . may differ. The dummy variables are defined as 𝐶𝐶𝐷𝐷𝑖𝑖𝑖𝑖𝑖𝑖 = 1 for 𝑡𝑡 > 𝑇𝑇𝑎𝑎𝑖𝑖𝑖𝑖  and 0 otherwise, and 235 
𝐶𝐶𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖 = �𝑡𝑡 − 𝑇𝑇𝑏𝑏𝑖𝑖𝑖𝑖 � for 𝑡𝑡 > 𝑇𝑇𝑏𝑏𝑖𝑖𝑖𝑖 , and 0 otherwise.  𝑇𝑇𝑎𝑎𝑖𝑖𝑖𝑖  and 𝑇𝑇𝑏𝑏𝑖𝑖𝑖𝑖  represent the jth and kth dates of the structural 236 
breaks in the level and trend, respectively, for the ith individual with 𝑗𝑗 = 1, … , 𝑙𝑙𝑖𝑖 and 𝑘𝑘 = 1, … ,𝑚𝑚𝑖𝑖. The test 237 
is based on simplified test statistics, which are invariant to both mean and trend breaks: 238 
𝑍𝑍∗ = �𝑁𝑁 �[𝑀𝑀𝑀𝑀𝑀𝑀
∗(𝜆𝜆)−𝜉𝜉∗]
𝜁𝜁∗2
� → 𝑁𝑁(0,1) ,       (7) 239 
where 𝑀𝑀𝐶𝐶𝑀𝑀∗(𝜆𝜆) = 1
𝑁𝑁
∑ 𝑀𝑀𝐶𝐶𝑀𝑀𝑖𝑖∗(𝜆𝜆𝑖𝑖)𝑁𝑁𝑖𝑖=1 , 𝜉𝜉∗ =
1
𝑁𝑁
∑ 𝜉𝜉𝑖𝑖∗𝑁𝑁𝑖𝑖=1 , and 𝜁𝜁∗2 = ∑ 𝜁𝜁𝑖𝑖∗2𝑁𝑁𝑖𝑖=1 . 𝑀𝑀𝐶𝐶𝑀𝑀∗(𝜆𝜆) is the pool 240 
modified Sargan and Bhargava (1983) test for individual time series. 𝜉𝜉𝑖𝑖∗ and 𝜁𝜁𝑖𝑖∗2 denote the mean and the 241 
variance of the individual modified 𝑀𝑀𝐶𝐶𝑀𝑀𝑖𝑖∗(𝜆𝜆𝑖𝑖) statistics, respectively, where 𝜆𝜆𝑖𝑖 = 𝑇𝑇𝑖𝑖𝑏𝑏 𝑇𝑇⁄  is the break 242 
fraction parameter. The results of the Bai and Carrion-i-Silvestre (2009) test rejects the null hypothesis of 243 
a unit root in relative per capita carbon dioxide emissions, confirming stochastic convergence.  244 
[Insert Table 3 here] 245 
2.3. Club Convergence 246 
Finally, we follow Panopoulou and Pantelidis (2009), Apergis et al. (2017), Apergis and Payne 247 
(2020), among others, in the use of the time-varying nonlinear factor model approach of Phillips and Sul 248 
(2007; 2009). The Phillips-Sul approach tests whether there is convergence with respect to the 249 
heterogeneous time-varying idiosyncratic components after controlling for a common growth component 250 
among the countries that share the same convergence pattern.  This approach has the comparative advantage 251 
that it does not rely on any assumptions regarding the stationarity of the variables as in tests of stochastic 252 
convergence.  Specifically, the Phillips-Sul approach utilizes a time-varying common factor defined as:  253 
𝐶𝐶𝐶𝐶𝐶𝐶𝑃𝑃2𝑖𝑖𝑖𝑖 = 𝛿𝛿𝑖𝑖𝑖𝑖𝜇𝜇𝑖𝑖 ,            (8) 254 
where 𝐶𝐶𝐶𝐶𝐶𝐶𝑃𝑃2𝑖𝑖𝑖𝑖 represents per capita carbon dioxide emissions in country i at time t, which is comprised 255 




the idiosyncratic component is a measure of the distance between 𝐶𝐶𝐶𝐶𝐶𝐶𝑃𝑃2𝑖𝑖𝑖𝑖 and the common component, 257 











 ,        (9) 259 
Equation (9) measures the loading coefficient, 𝛿𝛿𝑖𝑖𝑖𝑖 , relative to the panel average, thus the transition path for 260 
per capita carbon dioxide emissions in country i relative to the panel average.  In the case the factor loadings, 261 
𝛿𝛿𝑖𝑖𝑖𝑖 , converge to a constant, 𝛿𝛿, then the cross-sectional mean of the relative transition path for country i, ℎ𝑖𝑖𝑖𝑖 262 
converges to unity and the cross-section variation, 𝐻𝐻𝑖𝑖, of the relative transition path converges to zero as 263 




∑ (ℎ𝑖𝑖𝑖𝑖 − 1)2𝑁𝑁𝑖𝑖=1 → 0 ,          (10) 265 
The semi-parametric form of 𝛿𝛿𝑖𝑖𝑖𝑖 is given as: 266 
𝛿𝛿𝑖𝑖𝑖𝑖 = 𝛿𝛿𝑖𝑖 +
𝜎𝜎𝑖𝑖𝜉𝜉𝑖𝑖𝑖𝑖
𝐿𝐿(𝑖𝑖)𝑖𝑖𝛼𝛼
 ,          (11) 267 
where δi is fixed; ξit ~ iid(0,1) varies across countries i = 1, 2, …, N;  σi is an idiosyncratic scale parameter;  268 
L(t) is a slow varying function where L(t)→∞ and t→∞; and α represents the speed of convergence.  269 
Equation (11) ensures that 𝛿𝛿𝑖𝑖𝑖𝑖 converges to δi for α ≥ 0.  Hence, the null hypothesis of convergence is the 270 
following: 𝐻𝐻0: 𝛿𝛿𝑖𝑖 = 𝛿𝛿 and α ≥ 0, against the alternative hypothesis, 𝐻𝐻𝐴𝐴: 𝛿𝛿𝑖𝑖 ≠ 𝛿𝛿 for some i and/or α < 0. 271 
 Following Phillips and Sul (2007; 2009), we set L(t) = logt in the decay model, so the empirical 272 
log t regression can be used to test for convergence and the deployment of the clustering algorithm to 273 
identify convergence clubs as follows: 274 
𝑙𝑙𝑜𝑜𝑜𝑜 �𝐻𝐻1
𝐻𝐻𝑖𝑖
� − 2𝑙𝑙𝑜𝑜𝑜𝑜𝑙𝑙(𝑡𝑡) = 𝑎𝑎� + 𝑏𝑏�𝑙𝑙𝑜𝑜𝑜𝑜𝑡𝑡 + 𝜀𝜀𝑖𝑖       (12) 275 
for t = rT, rT+1, …, T where r > 0 set on the interval [0.2,0.3].8  For b� = 2α, the null hypothesis is 276 
considered a one-sided test of b� ≥ 0 against b� < 0. To address estimates in Equation (12) that may be 277 
 




weakly time-dependent, heteroskedasticity and autocorrelation consistent standard errors are employed in 278 
the least squares estimates of 𝑏𝑏�.    279 
The Phillips and Sul (2007; 2009) procedure uses a club convergence approach to identify 280 
convergence clubs as follows:  (1) order the N countries in the panel using the final values of per capita 281 
carbon dioxide emissions for the respective countries; (2) starting from the highest-order country in terms 282 
of per capita carbon dioxide emissions, sequentially estimate Equation (12) on the k highest member 283 
countries to identify a core group of countries using the cut-off point criterion: 𝑘𝑘∗ = 𝐴𝐴𝐴𝐴𝑜𝑜𝑀𝑀𝑎𝑎𝑀𝑀𝑖𝑖�𝑡𝑡𝑏𝑏�𝑘𝑘�, 284 
subject to  𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖�𝑡𝑡𝑏𝑏�𝑘𝑘� > 1.65, for k = 2, 3, …N; (3) add one country at a time from the remaining 285 
countries to the core group, and re-estimate Equation (12) using the sign criterion (b� ≥ 0) to determine 286 
whether to add a country to the core group; and (4) repeat the above steps iteratively for the remaining 287 
countries until clubs can no longer be formed.  Given this iterative approach, each club formed is 288 
associated with its own convergence path. Countries that do not exhibit a convergence pattern are 289 
considered non-convergent.    290 
[Insert Table 4 here] 291 
We begin with examining tests of club convergence in the case of the panel of 27 low-income 292 
countries as shown in Panel A of Table 4.   The null hypothesis of overall panel convergence is rejected at 293 
the 1% significance level given the t-statistic of -30.606.  Given the absence of overall panel convergence, 294 
we proceed with the algorithm of Phillips and Sul (2007; 2009) to determine whether convergence clubs 295 
are formed.  As documented in Panel A of Table 4, three convergence clubs emerge with only Haiti 296 
exhibiting non-convergent behaviour.  Club 1 consists of four countries:  Afghanistan, Nepal, Syrian Arab 297 
Republic and Yemen; Club 2 encompasses 18 African countries:  Benin, Burkina Faso, Burundi, Central 298 
African Republic, Chad, Democratic Republic of Congo, Ethiopia, Madagascar, Malawi, Mali, 299 
Mozambique, Niger, Rwanda, Sierra Leone, Somalia, Tanzania, Togo, and Uganda; and Club 3 contains 300 
four West African countries:  Gambia, Guinea, Guinea-Bissau, and Liberia. An examination of the speed 301 




and Club 3 (0.2480).9   However, as noted by Phillips and Sul (2009), the convergence algorithm may lead 303 
to over-estimation of the true number of clubs. To address this potential issue, we evaluate merging adjacent 304 
numbered clubs into larger clubs by performing club merging tests via regression (12). The club merging 305 
tests in Panel B of Table 4 reject the null hypothesis of merging clubs.  Interestingly enough, the 306 
convergence clubs reveal the geographic proximity of the respective club members, similar to previous 307 
convergence studies tied to geographic regions.    308 
[Insert Table 5 here] 309 
 Next, we undertake the same tests of club convergence, but in this case for the panel of 38 lower-310 
middle income countries.   In Panel A of Table 5, the null hypothesis of overall panel convergence is again 311 
rejected at the 1% significance level with a t-statistic of -30.837.  Following the algorithm of Phillips and 312 
Sul (2007; 2009), we determine the number of convergence clubs.  From Panel A of Table 5, we identify 313 
five convergence clubs with seven countries (Cabo Verde, Comoros, Mongolia, Papua New Guinea, Sao 314 
Tome and Principe, Solomon Islands, and Vanuatu) considered non-convergent.  Club 1 consists of 15 315 
African countries (Angola, Cameroon, Republic of Congo, Cote d’Ivoire, Djibouti, Eswatini, Ghana, 316 
Kenya, Kiribati, Mauritania, Nigeria, Senegal, Zambia, and Zimbabwe).  Club 2 includes only three North 317 
African countries (Egypt, Morocco, and Tunisia); Club 3 comprises five Asian countries (Bangladesh, 318 
Bhutan, Cambodia, Laos, Myanmar, and Vietnam); Club 4 consists of four Central and Latin American 319 
countries (Bolivia, El Salvador, Honduras, and Nicaragua); and Club 5 contains four Asian countries (India, 320 
Indonesia, Pakistan, and the Philippines). A review of the speed of convergence associated with each 321 
convergence club reveals that Club 5 (0.6685) exhibits the fastest speed of convergence, followed by Club 322 
4 (0.5140), Club 2 (0.4195), Club 1 (0.3490), and Club 3 (0.2555).  As in the case of the convergence clubs 323 
for low-income countries reported in Table 4, the club merging tests, shown in Panel B of Table 5, do not 324 
support the merger of the respective convergence clubs. Likewise, convergence clubs among lower-middle 325 
income countries again reflect a high degree of geographic proximity. 326 
 




[Insert Table 6 here] 327 
 Finally, we combine low-income and lower-middle income countries to form a developing country 328 
panel of 65 countries.  Panel A of Table 6 shows that the null hypothesis of overall panel convergence is 329 
once again rejected at the 1% significance level with a t-statistic of -31.219.  We find six convergence clubs 330 
with 11 countries (Cabo Verde, Comoros, Haiti, Malawi, Mongolia, Papua New Guinea, Sao Tome and 331 
Principe, Solomon Islands, Syrian Arab Republic, Vanuatu, and Yemen) non-convergent.  Club 1 includes 332 
32 African countries (Angola, Benin, Burkina Faso, Burundi, Cameroon, Central African republic, Chad, 333 
Republic of Congo, Cote d’Ivoire, Democratic Republic of Congo, Djibouti, Eswatini, Gambia, Ghana, 334 
Kenya, Kiribati, Liberia, Madagascar, Mali, Mauritania, Mozambique, Niger, Nigeria, Rwanda, Senegal, 335 
Sierra Leone, Somalia, Tanzania, Togo, Uganda, Zambia, and Zimbabwe); Club 2 comprises three North 336 
African countries (Egypt, Morocco, and Tunisia); Club 3 consists of six Asian countries (Bangladesh, 337 
Bhutan, Cambodia, Laos, Myanmar, and Vietnam); Club 4 encompasses four Central and Latin America 338 
countries (Bolivia, El Salvador, Honduras, and Nicaragua); Club 5 includes six Asian countries 339 
(Afghanistan, India, Indonesia, Nepal, Pakistan, and the Philippines), and three African countries in Club 340 
6 (Ethiopia, Guinea, and Guinea-Bissau).  As is the case with Tables 4 and 5, the speed of convergence 341 
varies greatly across the convergence clubs with the fastest convergence in Club 5 (0.5145), followed by 342 
Club 4 (0.3915), Club 2 (0.3310), Club 1 (0.2705), Club 3 (0.2195), and Club 6 (0.2040).  Similar to Panel 343 
B of Tables 4 and 5, the club merging tests reported in Panel B of Table 6 reject the null hypothesis of 344 
merging clubs.   While panel unit root tests find stochastic convergence in relative per capita carbon dioxide 345 
emissions for each of the three country panels, the club convergence tests reveal multiple convergence clubs 346 
in each country panel that show unique transition paths for countries within each convergence club to a 347 
steady state. 348 
 349 
3. Concluding Remarks 350 
 With the ongoing debate on the appropriate mitigation and emission allocation strategies pertaining 351 




the convergence of per capita carbon dioxide emissions in the case of developing countries.  Specifically, 353 
Pesaran (2007) and Bai and Carrion-i-Silvestre (2009) panel unit root tests with allowance for cross-354 
sectional dependence lend support for stochastic convergence in per capita carbon dioxide emissions for 355 
the respective country panels.   The nonlinear time-varying factor model of Phillips and Sul (2007; 2009) 356 
revealed multiple convergence clubs within the country panels with the speed of convergence varying 357 
across convergence clubs.   Within the low-income country panel, the analysis identified three convergence 358 
clubs, five convergence clubs for the lower-middle income country panel, and six convergence clubs for 359 
the country panel that combined both low- and lower-middle income countries.  A common theme for many 360 
of the convergence clubs was the geographical proximity of countries within the club. With respect to the 361 
non-convergent countries, a common characteristic was that many were island countries and to some extent 362 
geographically isolated.    363 
 As noted by Rios and Gianmoena (2018), rather than the two-track emission allocation framework 364 
in which developing countries did not have mitigation requirements, as in the case of industrialized 365 
countries under the Framework Convention on Climate Change and the Kyoto Protocol, the Paris 2015 366 
agreement provided for carbon dioxide emissions mitigation to be tied to country-specific circumstances.  367 
This is particularly relevant as our results from the Phillips-Sul club convergence procedure illustrates that 368 
countries in geographic proximity, as defined within the convergence clubs, exhibit unique transition paths 369 
toward their respective steady states. The geographic proximity between countries within their respective 370 
convergence clubs may reflect similar natural resource endowments, weather conditions, and economic 371 
structure, all of which influence their energy consumption mix.  Moreover, the geographical proximity may 372 
also indicate the potential for strategic interactions between governments with respect to environmental 373 
policy actions whose economies are spatially linked relative to other countries (Fredriksson et al. 2014). In 374 
addition, the quality of a country’s institutions and governance structure plays a critical role in the effective 375 
implementation of the appropriate economic instruments (price-based and rights-based measures) to 376 
mitigate emissions as their level of economic development evolves over time.  The ability of developing 377 




renewable energy sources and improvement in energy efficiency should be given serious consideration in 379 


















































Acar, S., P. Soderholm, and R. Brannlund (2018), “Convergence of Per Capita Carbon Dioxide Emissions:  427 
Implications and Meta-Analysis”, Climate Policy, 18(4), 512-525.  428 
 429 
Acaravci, Al. and S. Erdogan (2016), “The Convergence Behavior of CO2 Emissions in Seven Regions 430 
under Multiple Structural Breaks”, International Journal of Energy Economics and Policy, 6(3), 575-580. 431 
 432 
Ahmed, M., A.M. Khan, S. Bibi, and M. Zakaria (2017), “Convergence of Per Capita CO2 Emissions across 433 
the Globe:  Insights via Wavelet Analysis”, Renewable and Sustainable Energy Reviews, 75, 86-97. 434 
 435 
Aldy, J.E. (2006), “Per Capita Carbon Dioxide Emissions:  Convergence or Divergence?”, Environmental 436 
& Resource Economics, 33(4), 533-555. 437 
 438 
Aldy, J.E. (2007), “Divergence in State-Level Per Capita Carbon Dioxide Emissions”, Land Economics, 439 
83(3), 353-369. 440 
 441 
Apergis, N. and J.E. Payne (2017), “Per Capita Carbon Dioxide Emissions across U.S. States by Sector and 442 
Fossil Fuel Source:  Evidence from Club Convergence Tests”, Energy Economics, 63, 365-372. 443 
 444 
Apergis, N, J.E. Payne, and M. Topcu (2017), “Some Empirics on the Convergence of Carbon Dioxide 445 
Emissions Intensity across U.S. States”, Energy Sources, Part B:  Economics, Planning, and Policy, 12(9), 446 
831-837. 447 
 448 
Apergis, N. and J.E. Payne (2020), “NAFTA and the Convergence of CO2 Emissions Intensity and Its 449 
Determinants”, International Economics, 161, 1-9. 450 
 451 
Apergis, N., J.E. Payne, and M. Rayos-Velazquez (2020), “Carbon Dioxide Emissions Intensity 452 
Convergence: Evidence from Central American Countries”, Frontiers in Energy Research, 7, Article 158, 453 
1-7.  454 
 455 
Bai, J., and J.L. Carrion-i-Silvestre (2009), “Structural Changes, Common Stochastic Trends, and Unit 456 
Roots in Panel Data”, Review of Economic Studies, 76(2), 471-501. 457 
 458 
Bai, J., and S. Ng (2004), “A PANIC Attack on Unit Roots and Cointegration”, Econometrica, 72(4), 1127-459 
1177. 460 
 461 
Bai, J., and Ng, S. (2002), “Determining the Number of Factors in Approximate Factor Models”, 462 
Econometrica, 70(1), 191-221. 463 
 464 
Barassi, M.R., M.A. Cole, and R.J.R. Elliott (2008), “Stochastic Divergence or Convergence of Per Capita 465 
Carbon Dioxide Emissions:  Re-Examining the Evidence”, Environmental and Resource Economics, 40(1), 466 
121-137. 467 
 468 
Barassi, M.R., M.A. Cole, and R.J.R. Elliott (2011), “The Stochastic Convergence of CO2 Emissions:  A 469 
Long Memory Approach”, Environmental and Resource Economics, 49(3), 367-385. 470 
 471 
Barassi, M.R., N. Spagnolo, and V. Zhao (2018), “Fractional Integration versus Structural Change:  Testing 472 
the Convergence of CO2 Emissions”, Environmental and Resource Economics, 71(4), 923-968. 473 
 474 






Bernard, A.B. and S.N. Durlauf (1995), “Convergence in International Output”, Journal of Applied 478 
Econometrics, 10(2), 97-108. 479 
 480 
Bernard, A.B. and S.N. Durlauf (1996), “Interpreting Tests of the Convergence Hypothesis”, Journal of 481 
Econometrics, 71(1-2), 161-173. 482 
 483 
Biligili, F. and R. Ulucak (2018), “Is There Deterministic, Stochastic, and/or Club Convergence in 484 
Ecological Footprint Indicator among G20 Countries?”, Environmental Science and Pollution Research, 485 
25(35), 35404-35419. 486 
 487 
Bimonte, S. (2009), “Growth and Environmental Quality:  Testing the Double Convergence Hypothesis”, 488 
Ecological Economics, 68(8-9), 2406-2411. 489 
 490 
Brannlund, R., T. Lundgren, and P. Soderholm (2015), “Convergence of Carbon Dioxide Performance 491 
across Swedish Industrial Sectors:  An Environmental Index Approach”, Energy Economics, 51, 227-235. 492 
 493 
Brannlund, R., A. Karimu, and P. Soderholm (2017), “Convergence in Carbon Dioxide Emissions and the 494 
Role of Growth and Institutions:  A Parametric and Non-Parametric Analysis”, Environmental Economic 495 
Policy Studies, 19(2), 359-390. 496 
 497 
Brock, W.A. and M.S. Taylor (2010), “The Green Solow Model”, Journal of Economic Growth, 15(2), 498 
127-153. 499 
 500 
Bulte, E., J.A. List, and M.C. Strazicich (2007), “Regulatory Federalism and Distribution of Air Pollutant 501 
Emissions”, Journal of Regional Science, 47(1), 155-178. 502 
 503 
Burnett, J.W. (2016), “Club Convergence and Clustering of U.S. Energy-Related CO2 Emissions”, 504 
Resource and Energy Economics, 46, 62-84. 505 
 506 
Camarero, M., A.J. Picazo-Tadeo, and C. Tamarit (2008), “Is the Environmental Performance of 507 
Industrialized Countries Converging?  A SURE Approach to Testing for Convergence”, Ecological 508 
Economics, 66(4), 653-661. 509 
 510 
Camarero, M., J. Castillo, A.J. Picazo-Tadeo, and C. Tamarit (2013a), “Eco-Efficiency and Convergence 511 
in OECD Countries”, Environmental and Resource Economics, 55(1), 87-106. 512 
 513 
Camarero, M., A.J.  Picazo-Tadeo, and C. Tamarit (2013b), “Are the Determinants of CO2 Emissions 514 
Converging among OECD Countries?”, Economics Letters, 118(1), 159-162. 515 
 516 
Carlino, G. and L. Mills (1993), “Are U.S. Regional Economies Converging?  A Time Series Analysis”, 517 
Journal of Monetary Economics, 32(2), 335-346. 518 
 519 
Churchill, S.A., J. Inekjwe, and K. Ivanovski (2018), “Conditional Convergence in Per Capita Carbon 520 
Emissions Since 1900”, Applied Energy, 238, 916-927. 521 
 522 
de Oliveira, G. and D.M. Bourscheidt (2017), “Multi-Sectorial Convergence in Greenhouse Gas 523 





Dickey, D. and W.A. Fuller (1979), “Distribution of the Estimators for Autoregressive Time series with a 526 
Unit Root”, Journal of the American Statistical Association, 74(366a), 427-431. 527 
 528 
El-Montasser, G., R. Inglesi-Lotz, and R. Gupta (2015), “Convergence of Greenhouse Gas Emissions 529 
among G7 Countries”, Applied Economics, 47(60), 6543-6552. 530 
 531 
Erdogan, S. and A. Acaravci (2019), “Revisiting the Convergence of Carbon Emission Phenomenon in 532 
OECD Countries:  New Evidence from Fourier Panel KPSS Test”, Environmental Science and Pollution 533 
Research, 26, 24758-24771. 534 
 535 
Evans, P. (1996), “Using Cross-Country Variances to Evaluate Growth Theories”, Journal of Economic 536 
Dynamics and Control, 20(6-7), 1027-1049. 537 
 538 
Evans, P. and G. Karras (1996), “Convergence Revisited”, Journal of Monetary Economics, 37(2), 249-539 
265. 540 
 541 
Ezcurra, R. (2007a), “Is There Cross-Country Convergence in Carbon Dioxide Emissions?”, Energy Policy, 542 
35(2), 1363-1372. 543 
 544 
Ezcurra, R. (2007b), “The World Distribution of Carbon Dioxide Emissions”, Applied Economics Letters, 545 
14(5), 349-352. 546 
 547 
Fernandez-Amador, O., D.A. Oberdabernig, and P. Tomberger (2019), “Testing for Convergence in Carbon 548 
Dioxide Emissions Using a Bayesian Robust Structural Model”, Environmental and Resource Economics, 549 
73(4), 1265-1286. 550 
 551 
Fredriksson, P.G., J. A. List, and D. L. Millimet (2004), “Chasing the Smokestack: Strategic Policymaking 552 
with Multiple Instruments”, Regional Science and Urban Economics, 34(4), 387-410. 553 
 554 
Haider, S. and V. Akram (2019), “Club Convergence of Per Capita Carbon Emission:  Global Insight from 555 
Disaggregated Level Data”, Environmental Science and Pollution Research, 26(11), 11074-11086. 556 
 557 
Hao, Y, Q. Zhang, M. Zhong, and B. Li (2015), “Is There Convergence in Per Capita SO2 Emissions in 558 
China?  An Empirical Study Using City-Level Panel Data”, Journal of Cleaner Production, 108(Part A), 559 
944-954. 560 
 561 
Hao, Y., H. Liao, and Y-M. Wei (2015), “Is China’s Carbon Reduction Target Allocation Reasonable?  An 562 
Analysis Based on Carbon Intensity Convergence?”, Applied Energy, 142, 229-239. 563 
 564 
Herrerias, M.J. (2012), “CO2 Weighted Convergence across the EU-25 Countries (1920-2007)”, Applied 565 
Energy, 92, 9-16. 566 
 567 
Herrerias, M.J. (2013), “The Environmental Convergence Hypothesis:  Carbon Dioxide Emissions 568 
According to the Source of Energy”, Energy Policy, 61, 1140-1150. 569 
 570 
Huang, B. and L. Meng (2013), “Convergence of Per Capita Carbon Dioxide Emissions in Urban China:  571 
A Spatio-Temporal Perspective”, Applied Geography, 40, 21-29. 572 
 573 
Im, K.S., M.H. Pesaran, and Y. Shin (2003), “Testing for Unit Roots in Heterogeneous Panels”, Journal 574 





Jobert, T., F. Karanfil, and A. Tykhonenko (2010), “Convergence of Per Capita Dioxide Emissions in the 577 
EU:  Legend or Reality?”, Energy Economics, 32(6), 1364-1373. 578 
 579 
Karakaya, E. , S. Alatas, B. Yilmaz (2019), “Replication of Strazicich and List (2003):  Are CO2 Emission 580 
Levels Converging among Industrial Countries?”, Energy Economics, 82, 135-138. 581 
 582 
Kounetas, K.E. (2018), “Energy Consumption and CO2 Emissions Convergence in European Union 583 
Member Countries, A Tonneau des Danaides?”, Energy Economics, 69, 111-127. 584 
 585 
Lee, C.-C., C.-P. Chang, and P.-F. Chen (2008), “Do CO2 Emission Levels Converge among 21 OECD 586 
Countries?  New Evidence from Unit Root Structural Break Tests”, Applied Economics Letters, 15(7), 551-587 
556. 588 
 589 
Lee, C-C. and C-P. Chang (2008), “New Evidence on the Convergence of Per Capita Carbon Dioxide 590 
Emissions from Panel Seemingly Unrelated Regressions Augmented Dickey-Fuller Tests”, Energy, 33(9), 591 
1468-1475. 592 
 593 
Lee, C.-C. and C.-P. Chang (2009), “Stochastic Convergence of Per Capita Carbon Dioxide Emissions and 594 
Multiple Structural Breaks in OECD Countries”, Economic Modelling, 26(6), 1375-1381. 595 
 596 
Lee, J. and M.C. Strazicich (2003), “Minimum LM Unit Root Test with Two Structural Breaks”, Review of 597 
Economics and Statistics, 85(4), 1082-1089. 598 
 599 
Lee, J. and J.A. List (2004), “Examining Trends of Criteria Air Pollutants:  Are the Effects of Government 600 
Intervention Transitory?”, Environmental and Resource Economics, 29(1), 21-37. 601 
 602 
Li, X. and B. Lin (2013), “Global Convergence in Per Capita Emissions”, Renewable and Sustainable 603 
Energy Reviews, 24, 357-363. 604 
 605 
Li, X.-L., D.P. Tang, and T. Chang (2014), “CO2 Emissions Converge in the 50 U.S. States:  Sequential 606 
Panel Selection Method”, Economic Modelling, 40, 320-333. 607 
 608 
List, J.A. (1999), “Have Air Pollutant Emissions Converged among U.S. Regions?  Evidence from Unit 609 
Root Tests”, Southern Economic Journal, 66(1), 144-155. 610 
 611 
Liu, C. T. Hong, H. Li, and L. Wang (2018), “From Club Convergence of Per Capita Industrial Pollutant 612 
Emissions to Industrial Transfer Effects:  An Empirical Study across 285 Cities in China”, Energy Policy, 613 
121, 300-313. 614 
 615 
Moutinho, V., M. Robaina-Alves and J. Mota (2014), “Carbon Dioxide Emissions Intensity of Portuguese 616 
Industry and Energy Sectors:  A Convergence Analysis and Econometric Approach”, Renewable and 617 
Sustainable Energy Reviews, 40, 438-449. 618 
 619 
Nguyen Van, P. (2005), “Distribution Dynamics of CO2 Emissions”, Environmental and Resource 620 
Economics, 32(4), 495-508. 621 
 622 
Nourry, M. (2009), “Re-Examining the Empirical Evidence for Stochastic Convergence of Two Air 623 
Pollutants with a Pair-Wise Approach”, Environmental and Resource Economics, 44(4), 555-570. 624 
 625 
Ordas Criado, C., S. Valente, and T. Stengos (2011), “Growth and Pollution Convergence:  Theory and 626 




Ordas Criado, C. and J.-M. Grether (2011), “Convergence in Per Capita CO2 Emissions:  A Robust 628 
Distributional Approach”, Resource and Energy Economics, 33(3), 637-665. 629 
 630 
Panopoulou, E. and T. Pantelidis (2009), “Club Convergence in Carbon Dioxide Emissions”, 631 
Environmental and Resource Economics, 44(1), 47-70. 632 
 633 
Payne, J.E., S. Miller, J. Lee, and M.H. Cho (2014), “Convergence of Per Capita Sulphur Dioxide Emissions 634 
across U.S. States”, Applied Economics, 46(11), 1202-1211. 635 
 636 
Payne, J.E. (2020), “The Convergence of Carbon Dioxide Emissions:  A Survey of the Empirical 637 
Literature”, Journal of Economic Studies, forthcoming. 638 
 639 
Pesaran, M.H. (2004), “General Diagnostic Tests for Cross Section Dependence in Panels”, Cambridge 640 
Working Papers in Economics, No.435 and CESinfo Working Paper, No. 1229. 641 
 642 
Pesaran, M.H. (2007), “A Simple Panel Unit Root Tests in the Presence of Cross-Section Dependence”, 643 
Journal of Applied Econometrics, 22(2), 265-312. 644 
 645 
Pettersson, F., D. Maddison, S. Acar, and P. Soderholm (2014), “Convergence of Carbon Dioxide 646 
Emissions:  A Review of the Literature”, International Review of Environmental and Resource Economics, 647 
7(2), 141-178. 648 
 649 
Phillips, P.C.B. and D. Sul (2007), “Transition Modeling and Econometric Convergence Tests”, 650 
Econometrica, 75(6), 1771-1855. 651 
 652 
Phillips, P.C.B. and D. Sul (2009), “Economic Transition and Growth”, Journal of Applied Econometrics, 653 
24(7), 1153-1185. 654 
 655 
Presno, M.J., M. Landajo, and P.F. Gonzalez (2018), “Stochastic Convergence in Per Capita CO2 656 
Emissions:  An Approach from Nonlinear Stationarity Analysis”, Energy Economics, 70, 563-581. 657 
 658 
Rios, V. and L. Gianmoena (2018), “Convergence in CO2 Emissions:  A Spatial Economic Analysis with 659 
Cross-Country Interactions”, Energy Economics, 75, 222-238. 660 
 661 
Robalino-Lopez, A., J.E. Garcia-Ramos, A.A. Golpe, and A. Mena-Nieto (2016), “CO2 Emissions 662 
Convergence among 10 South American Countries:  A Study of Kaya Components (1980-2010)”, Carbon 663 
Management, 7(1-2), 1-12. 664 
 665 
Romero-Avila, D. (2008), “Convergence in Carbon Dioxide Emissions among Industrialized Countries 666 
Revisited”, Energy Economics, 30(5), 2265-2282.   667 
 668 
Sargan, J.D., and A. Bhargava (1983), “Testing Residuals from Least Squares Regression for Being 669 
Generated by the Gaussian Random Walk’, Econometrica, 51, 153-174. 670 
 671 
Solarin, S.A. (2014), “Convergence of CO2 Emission Levels:  Evidence from African Countries”, Journal 672 
of Economic Research, 19(1), 65-92. 673 
 674 
Solarin, S.A. (2019), “Convergence in CO2 Emissions, Carbon Footprint and Ecological Footprint:  675 





Solarin, S.A. and A. Tiwari (2020), “Convergence in Sulphur Dioxide (SO2) Emissions cince 1850 in 678 
OECD Countries:  Evidence from a New Panel Unit Root Test”, Environmental Modeling and Assessment, 679 
forthcoming. 680 
 681 
Strazicich, M.C. and J.A. List (2003), “Are CO2 Emission Levels Converging Among Industrial 682 
Countries?”, Environmental and Resource Economics, 24(3), 263-271. 683 
 684 
Tiwari, C. and M. Mishra (2017), “Testing the CO2 Emissions Convergence:  Evidence from Asian 685 
Countries”, IIM Kazhikode Society & Management Review, 6(1), 67-72. 686 
 687 
Quah, D. (1993), “Galton’s Fallacy and the Convergence Hypothesis”, Scandinavian Journal of Economics, 688 
95(4), 427-443. 689 
 690 
Ulucak, R. and N. Apergis (2018), “Does Convergence Really Matter for the Environment?  An Application 691 
Based on Club Convergence and on the Ecological Footprint Concept for the EU Countries”, Environmental 692 
Science and Policy, 80, 21-27. 693 
 694 
Ulucak, R., Y. Kassouri, S.C. Ilkay, H. Altintas, and A.P.M. Garang (2020), “Does Convergence Contribute 695 
to Reshaping Sustainable Development Policies?  Insights from Sub-Saharan Africa”, Ecological 696 
Indicators, 112, 106140. 697 
 698 
Wang, J. and K. Zhang (2014), “Convergence of Carbon Dioxide Emissions in Different Sectors in China”, 699 
Energy, 65, 605-611. 700 
 701 
Wang, Y., P. Zhang, D. Huang, and C. Cai (2014), “Convergence Behavior of Carbon Dioxide Emissions 702 
in China”, Economic Modelling, 43, 75-80. 703 
 704 
Westerlund, J. and S.A. Basher (2008), “Testing for Convergence in Carbon Dioxide Emissions Using a 705 
Century of Panel Data”, Environmental and Resource Economics, 40(1), 109-120. 706 
 707 
Wu, J., Y. Wu, X. Guo, and T.S. Cheong (2016), “Convergence of Carbon Dioxide Emissions in Chinese 708 
Cities:  A Continuous Dynamic Distribution Approach”, Energy Policy, 91, 207-219. 709 
 710 
Yavuz, N.C. and V. Yilanci (2013), “Convergence in Per Capita Carbon Dioxide Emissions among G7 711 
Countries:  A TAR Panel Unit Root Approach”, Environmental and Resource Economics, 54(2), 283-291. 712 
 713 
Yilanci, V. and U,K. Pata (2020), “Convergence of Per Capita Ecological Footprint Among the ASEAN-5 714 
Countries:  Evidence from a Non-Linear Panel Unit Root Test”, Ecological Indicators, 113, 106178. 715 
 716 
Yu, S., X. Hu, and J. Fan, and J. Cheng (2018), “Convergence of Carbon Emissions Intensity across Chinese 717 
Industrial Sectors, Journal of Cleaner Production, 194, 179-192. 718 
 719 
Yu, S., X. Hu, X. Zhang, and Z. Li (2019), “Convergence of Per Capita Carbon Emissions in the Yangtze 720 
River Economic Belt, China”, Energy & Environment, 30(5), 776-799. 721 
 722 
Zhao, X., J.W. Burnett, and D.J. Lacombe (2015), “Province-level Convergence of China’s Carbon Dioxide 723 
Emissions”, Applied Energy, 150, 286-295. 724 
 725 







Low-Income Countries (27): 
Afghanistan      Malawi 
Benin       Mali 
Burkina Faso      Mozambique 
Burundi      Nepal 
Central African Republic    Niger 
Chad       Rwanda 
Democratic Republic of Congo    Sierra Leone 
Ethiopia      Somalia 
Gambia       Syrian Arab Republic 
Guinea       Tanzania 
Guinea-Bissau      Togo 
Haiti       Uganda 
Liberia       Yemen 
Madagascar 
 
Lower-Middle Income Countries (38): 
Angola       Kiribati 
Bangladesh      Laos 
Bhutan       Mauritania 
Bolivia       Mongolia 
Cabo Verde      Morocco 
Cambodia      Myanmar 
Cameroon      Nicaragua 
Comoros      Nigeria 
Republic of Congo     Pakistan 
Cote d’Ivoire      Papua New Guinea 
Djibouti      Philippines 
Egypt       Sao Tome and Principe 
El Salvador      Senegal 
Eswatini      Solomon Islands 
Ghana       Tunisia 
Honduras      Vanuatu 
India       Vietnam 
Indonesia      Zambia 



















Panel A:  Low-Income Countries (27) 
Country Mean Median Max Min SD  Skew K   JB 
Afghanistan 0.159 0.153 0.406 0.037 0.097 0.535 2.440   2.661 [0.27] 
Benin 0.250 0.188 0.614 0.078 0.166 1.055 2.630   8.223 [0.01]a 
Burkina Faso 0.081 0.076 0.179 0.028 0.035 0.961 3.672   7.429 [0.02]b 
Burundi 0.034 0.035 0.050 0.020 0.009 0.111 1.656   3.322 [0.19] 
Central African Rep. 0.067 0.065  0.098 0.048 0.011 0.898 3.894   7.216 [0.02]b 
Chad 0.034 0.039 0.053 0.011 0.013 -0.443 1.664   4.605 [0.10]c 
Congo, Dem. Rep. 0.081 0.067 0.151 0.017 0.050 0.120 1.287   5.360 [0.06]c 
Ethiopia 0.060 0.056 0.118 0.031 0.018 1.264 4.884 17.811 [0.00]a 
Gambia 0.200 0.197 0.254 0.119 0.033 -0.475 2.873   1.649 [0.44] 
Guinea 0.196 0.194 0.267 0.157 0.024 0.826 3.986   6.630 [0.04]b 
Guinea-Bissau 0.163 0.158 0.242 0.090 0.029 0.378 3.966   2.698 [0.25] 
Haiti 0.160 0.148 0.271 0.040 0.053 0.197 2.461   0.799 [0.67] 
Liberia 0.397 0.225 1.107 0.137 0.338 1.193 2.686 10.377 [0.01]a 
Madagascar 0.113 0.107 0.224 0.069 0.031 1.564 5.827 31.842 [0.00]a 
Malawi 0.085 0.080 0.114 0.062 0.015 0.498 2.147   3.080 [0.21] 
Mali 0.059 0.055 0.083 0.040 0.011 0.408 1.964   3.114 [0.21] 
Mozambique 0.144 0.099 0.369 0.065 0.090 1.115 2.858   8.949 [0.01]a 
Nepal 0.089 0.072 0.298 0.021 0.067 1.224 4.133 13.027 [0.00]a 
Niger 0.087 0.084 0.148 0.049 0.029 0.656 2.371   3.791 [0.15] 
Rwanda 0.071 0.069 0.122 0.017 0.023 -0.217 3.570   0.919 [0.63] 
Sierra Leone 0.139 0.125 0.237 0.082 0.040 0.578 2.293   3.293 [0.19] 
Somalia 0.085 0.075 0.166 0.042 0.034 0.642 2.185   4.145 [0.12] 
Syrian Arab Rep. 2.644 2.861 3.366 1.122 0.643 -1.000 2.872   7.189 [0.02]b 
Tanzania 0.125 0.113 0.231 0.078 0.040 1.178 3.739 10.919 [0.00]a 
Togo 0.248 0.226 0.523 0.129 0.085 1.308 4.567 16.669 [0.00]a 
Uganda 0.072 0.060 0.142 0.036 0.032 0.816 2.236   5.822 [0.05]b 
Yemen 0.742 0.820 1.091 0.234 0.227 -0.637 2.342   3.684 [0.16] 
 
Notes:  Max is the maximum value and Min is the minimum value.  SD represents the standard deviation.  Skew is 
skewness and K kurtosis.  JB is the Jarque-Bera test for normality.  p-values are in brackets with the significance 


















Table 1 (continued) 
Summary Statistics 
 
Panel B:  Lower- Middle Income Countries (38) 
Country Mean Median   Max Min SD  Skew   K     JB 
Angola 0.717 0.611 1.330 0.288 0.305 0.829 2.282     5.843 [0.05]b 
Bangladesh 0.120 0.164 0.474 0.053 0.120 0.832 2.619     5.219 [0.07]c 
Bhutan 0.415 0.400 1.392 0.010 0.367 0.827 3.158     4.952 [0.08]c 
Bolivia 1.085 1.005 1.906 0.599 0.354 0.535 2.329     2.857 [0.23] 
Cabo Verde 0.515 0.362 1.235 0.114 0.338 0.702 1.988     5.360 [0.07]b 
Cambodia 0.143 0.141 0.438 0.004 0.119 0.783 2.723     4.527 [0.10]c 
Cameroon 0.295 0.229 0.697 0.091 0.163 1.388 3.903   15.263 [0.00]a 
Comoros 0.163 0.155 0.258 0.074 0.040 0.506 2.948     1.837 [0.39] 
Congo, Rep. 0.493 0.505 1.089 0.174 0.217 0.426 2.600     1.590 [0.45] 
Cote d’Ivoire 0.503 0.484 0.826 0.282 0.141 0.516 2.341     2.686 [0.26] 
Djibouti 0.672 0.611 1.080 0.451 0.183 0.630 2.130     4.198 [0.12] 
Egypt 1.604 1.474 2.569 0.645 0.573 0.187 1.942     2.255 [0.32] 
El Salvador 0.740 0.691 1.143 0.330 0.280 0.042 1.285     5.282 [0.07]c 
Eswatini 0.790 0.787 1.248 0.149 0.284 -0.161 2.093     1.660 [0.44] 
Ghana 0.317 0.301 0.549 0.208 0.078 1.155 4.115   11.786 [0.00]a 
Honduras  0.704 0.597 1.124 0.419 0.223 0.548 1.756     4.927 [0.08]a 
India 0.833 0.780 1.728 0.375 0.380 0.671 2.509     3.661 [0.16] 
Indonesia 1.115 1.079 2.564 0.358 0.549 0.723 2.967     3.751 [0.15] 
Kenya 0.280 0.281 0.383 0.190 0.054 0.184 2.039     1.897 [0.39] 
Kiribati 0.449 0.418 0.739 0.280 0.123 0.560 2.195     3.407 [0.18] 
Lao 0.129 0.096 0.294 0.045 0.081 0.578 1.855     4.746 [0.09]c 
Mauritania 0.562 0.470 1.748 0.204 0.313 2.838 10.514 158.889 [0.00]a 
Mongolia  4.362 3.804 13.447 2.419 1.974 2.785 12.292 210.282 [0.00]a 
Morocco 1.108 1.079 1.887 0.482 0.388 0.434 2.053     2.958 [0.23] 
Myanmar 0.182 0.167 0.414 0.100 0.058 1.562 7.082   47.347 [0.00]a 
Nicaragua 0.681 0.693 0.951 0.362 0.125 -0.242 2.544     0.792 [0.67] 
Nigeria  0.650 0.684 1.010 0.326 0.192 -0.180 2.034     1.906 [0.39] 
Pakistan 0.635 0.666 0.947 0.308 0.203 -0.169 1.712     3.178 [0.20] 
Papua New Guinea 0.547 0.515 0.899 0.397 0.120 1.066 3.428     8.475 [0.01]a 
Philippines 0.799 0.828 1.051 0.517 0.124 -0.456 2.770     1.586 [0.45] 
Sao Tome and Principe 0.417 0.410 0.603 0.141 0.107 -0.446 2.987     1.423 [0.49] 
Senegal 0.458 0.436 0.642 0.322 0.085 0.585 2.394     3.106 [0.21] 
Solomon Islands 0.411 0.375 0.569 0.290 0.081 0.759 2.291     5.035 [0.08]c 
Tunisia 1.791 1.777 2.606 0.893 0.483 -0.139 2.211     1.254 [0.53] 
Vanuatu 0.470 0.451 0.931 0.222 0.113 1.429 8.156    62.258 [0.00]a 
Vietnam 0.693 0.447 1.820 0.263 0.487 1.039 2.611      8.000 [0.02]b 
Zambia 0.384 0.291 0.994 0.154 0.235 1.125 3.108      9.093 [0.01]a 
Zimbabwe 1.193 1.267 1.671 0.447 0.326 -0.513 2.251      2.888 [[0.24] 
 
Notes:  Max is the maximum value and Min is the minimum value.  SD represents the standard deviation.  Skew is 
skewness and K kurtosis.  JB is the Jarque-Bera test for normality.  p-values are in brackets with the significance 







Tests of Cross-Sectional Dependence 
 
Panel A: Low-income countries 
                                              1 lag        2 lags       3 lags       
Relative Per Capita Carbon Dioxide Emissions             10.673     10.120      9.728        
                                                                [0.00]a      [0.00]a       [0.00]a      
 
Panel B: Lower-middle income countries 
                                                 1 lag        2 lags        3 lags      
Relative Per Capita Carbon Dioxide Emissions             8.137       7.925         6.348        
                                                                [0.00]a      [0.00]a       [0.00]a      
 
Panel C: Low and lower-middle income countries 
                                         1 lag        2 lags        3 lags                                           
Relative Per Capita Carbon Dioxide Emissions 11.964     10.916       10.026       
                                                                [0.00]a     [0.00]a       [0.00]a      
 
Notes:  Under the null hypothesis of cross-sectional independence the CD statistic is distributed as a two-tailed 


































Panel Unit Root Tests of Stochastic Convergence 
 
Panel A: Panel Unit Root Tests without Breaks 
 
Low-income countries 
                                                    Pesaran CIPS         Pesaran CIPS* 
Relative Per Capita Carbon Dioxide Emissions             -6.48                         -6.19 
                                                                     [0.00]a                       [0.00]a 
 
Lower-middle income countries 
                                                   Pesaran CIPS         Pesaran CIPS* 
Relative Per Capita Carbon Dioxide Emissions -6.14                         -5.83 
                                                                     [0.00]a                       [0.00]a 
 
Low- and lower-middle income countries 
                                                     Pesaran CIPS         Pesaran CIPS* 
Relative Per Capita Carbon Dioxide Emissions -6.95                         -6.61 
                                                                     [0.00]a                       [0.00]a 
 
Panel B. Panel Unit Root Test with Breaks 
 
Low-income countries 
                                                    Bai and Carrion-i-Silvestre Z*          
Relative Per Capita Carbon Dioxide Emissions             -1.54                          
                                                                     [0.00]a                        
 
Lower-middle income countries 
                                                   Bai and Carrion-i-Silvestre Z*        
Relative Per Capita Carbon Dioxide Emissions -1.86                          
                                                                     [0.00]a                        
 
Low- and lower-middle income countries 
                                                     Bai and Carrion-i-Silvestre Z*        
Relative Per Capita Carbon Dioxide Emissions -1.97                          
                                                                     [0.00]a                        
 
Notes:  p-values are in brackets. a: p ≤ 0.01. For the Bai and Carrion-i-Silvestre Z* test, the number of common factors 
is estimated using the panel Bayesian information criterion proposed by Bai and Ng (2002), and the test is estimated 















Tests of Club Convergence: Low-Income Countries 
 
Panel A:  Club Convergence Tests 
Low-Income Countries, Overall: Afghanistan, Benin, Burkina Faso, Burundi, Central African Republic, 
Chad, Democratic Republic of Congo, Ethiopia, Gambia, Guinea, Guinea-Bissau, Haiti, Liberia, 
Madagascar, Malawi, Mali, Mozambique, Nepal, Niger, Rwanda, Sierra Leone, Somalia, Syrian Arab 
Republic, Tanzania, Togo, Uganda, Yemen 
                ?̂?𝐛 coefficient   t-statistic         
Per Capita Carbon Dioxide Emissions                -0.912  -30.606a          
 
Club 1: Afghanistan, Nepal, Syrian Arab Republic, Yemen 
                                                                                   ?̂?𝐛 coefficient              t-statistic        α  
Per Capita Carbon Dioxide Emissions                0.662     1.013         0.3310 
 
Club 2:  Benin, Burkina Faso, Burundi, Central African Republic, Chad, Democratic Republic of Congo, 
Ethiopia, Madagascar, Malawi, Mali, Mozambique, Niger, Rwanda, Sierra Leone, Somalia, Tanzania, 
Togo, Uganda 
                                                                                  ?̂?𝐛 coefficient              t-statistic         α             
Per Capita Carbon Dioxide Emissions          0.958               1.216           0.4790 
 
Club 3: Gambia, Guinea, Guinea-Bissau, Liberia  
                                                                                  ?̂?𝐛 coefficient              t-statistic         α              
Per Capita Carbon Dioxide Emissions           0.496               1.029           0.2480 
 
Non-converging countries: Haiti 
 
Panel B:  Club Merging Tests 
      Clubs       𝛄𝛄 �        𝐭𝐭𝛄𝛄�  
Club 1 + Club 2    -0.109   -6.44a 
Club 2 + Club 3    -0.126   -7.95a 
 
Notes:  Club convergence tests: Test for the one-sided null hypothesis, b� ≥ 0 against b� < 0, using the critical value 
t0.05 = −1.65156. Club merging tests:  Test for the one-sided null hypothesis, 𝛾𝛾� ≥ 0 against 𝛾𝛾� < 0, using the critical 


















Tests of Club Convergence: Lower-Middle Income Countries 
 
Panel A:  Club Convergence Tests 
Lower-Middle Income Countries, Overall: Angola, Bangladesh, Bhutan, Bolivia, Cabo Verde, 
Cambodia, Cameroon, Comoros, Republic of Congo, Cote d’Ivoire, Djibouti, Egypt, El Salvador, 
Eswatini, Ghana, Honduras, India, Indonesia, Kenya, Kiribati, Laos, Mauritania, Mongolia, Morocco, 
Myanmar, Nicaragua, Nigeria, Pakistan, Papua New Guinea, Philippines, Sao Tome and Principe, 
Senegal, Solomon Islands, Tunisia, Vanuatu, Vietnam, Zambia, Zimbabwe 
                      ?̂?𝐛 coefficient         t-statistic 
Per Capita Carbon Dioxide Emissions                   -0.756             -30.837a 
 
Club 1: Angola, Cameroon, Republic of Congo, Cote d’Ivoire, Djibouti, Eswatini, Ghana, Kenya, Kiribati, 
Mauritania, Nigeria, Senegal, Zambia, Zimbabwe 
                                                                                       ?̂?𝐛 coefficient         t-statistic          α 
Per Capita Carbon Dioxide Emissions        0.698      1.317           0.3490 
 
Club 2: Egypt, Morocco, Tunisia 
                                                                                       ?̂?𝐛 coefficient         t-statistic           α              
Per Capita Carbon Dioxide Emissions        0.839                1.109            0.4195 
 
Club 3: Bangladesh, Bhutan, Cambodia, Laos, Myanmar, Vietnam 
                                                                                       ?̂?𝐛 coefficient         t-statistic            α              
Per Capita Carbon Dioxide Emissions                     0.511                1.093            0.2555 
 
Club 4: Bolivia, El Salvador, Honduras, Nicaragua 
                                                                                       ?̂?𝐛 coefficient         t-statistic             α              
Per Capita Carbon Dioxide Emissions         1.028                1.196            0.5140 
 
Club 5: India, Indonesia, Pakistan, Philippines 
                                                                                       ?̂?𝐛 coefficient         t-statistic              α              
Per Capita Carbon Dioxide Emissions         1.337                1.462            0.6685 
 
Non-converging countries: Cabo Verde, Comoros, Mongolia, Papua New Guinea, Sao Tome and Principe, 
Solomon Islands, Vanuatu 
 
Panel B: Club Merging Tests 
      Clubs       𝛄𝛄 �        𝐭𝐭𝛄𝛄�  
Club 1 + Club 2   -0.088   -5.91a 
Club 2 + Club 3    -0.109   -6.74a 
Club 3 + Club 4   -0.093   -6.22a 
Club 4 + Club 5   -0.115   -7.12a 
 
Notes:  Club convergence tests: Test for the one-sided null hypothesis, b� ≥ 0 against b� < 0, using the critical value 
t0.05 = −1.65156. Club merging tests:  Test for the one-sided null hypothesis, 𝛾𝛾� ≥ 0 against 𝛾𝛾� < 0, using the critical 








Tests of Club Convergence: Low- and Lower-Middle Income Countries 
 
Panel A:  Club Convergence Tests 
Low-Income and Lower-Middle Income Countries, Overall: Afghanistan, Angola, Bangladesh, Benin, 
Bhutan, Bolivia, Burkina Faso, Burundi, Cabo Verde, Cambodia, Cameroon, Central African Republic, 
Chad, Comoros, Democratic Republic of Congo, Republic of Congo, Cote d’Ivoire, Djibouti, Egypt, El 
Salvador, Eswatini, Ethiopia, Gambia, Ghana, Guinea, Guinea-Bissau, Haiti, Honduras, India, Indonesia, 
Kenya, Kiribati, Laos, Liberia, Madagascar, Malawi, Mali, Mauritania, Mongolia, Morocco, Mozambique, 
Myanmar, Nepal, Nicaragua, Niger, Nigeria, Pakistan, Papua New Guinea, Philippines, Rwanda, Sao Tome 
and Principe, Senegal, Sierra Leone, Solomon Islands, Somalia, Syrian Arab Republic, Tanzania, Togo, 
Tunisia, Uganda, Vanuatu, Vietnam, Yemen, Zambia, Zimbabwe 
                               ?̂?𝐛 coefficient      t-statistic 
Per Capita Carbon Dioxide Emissions                           -0.944               -31.219a 
 
Club 1: Angola, Benin, Burkina Faso, Burundi, Cameroon, Central African Republic, Chad, Republic of 
Congo, Cote d’Ivoire, Democratic Republic of Congo, Djibouti, Eswatini, Gambia, Ghana, Kenya, Kiribati, 
Liberia, Madagascar, Mali, Mauritania, Mozambique, Niger, Nigeria, Rwanda, Senegal, Sierra Leone, 
Somalia, Tanzania, Togo, Uganda, Zambia, Zimbabwe 
                                                                                                ?̂?𝐛 coefficient       t-statistic         α 
Per Capita Carbon Dioxide Emissions                       0.541         1.168           0.2705 
 
Club 2: Egypt, Morocco, Tunisia 
                                                                                                ?̂?𝐛 coefficient       t-statistic         α             
Per Capita Carbon Dioxide Emissions                       0.662         0.784           0.3310 
 
Club 3: Bangladesh, Bhutan, Cambodia, Laos, Myanmar, Vietnam 
                                                                                                ?̂?𝐛 coefficient       t-statistic         α             
Per Capita Carbon Dioxide Emissions                       0.439         0.922           0.2195 
 
Club 4: Bolivia, El Salvador, Honduras, Nicaragua 
                                                                                                ?̂?𝐛 coefficient       t-statistic         α             
Per Capita Carbon Dioxide Emissions                       0.783         0.863           0.3915 
 
Club 5: Afghanistan, India, Indonesia, Nepal, Pakistan, Philippines 
                                                                                                ?̂?𝐛 coefficient      t-statistic          α             
Per Capita Carbon Dioxide Emissions                       1.029         1.223           0.5145 
 
Club 6: Ethiopia, Guinea, Guinea-Bissau 
                                                                                                ?̂?𝐛 coefficient      t-statistic          α             
Per Capita Carbon Dioxide Emissions                       0.408         0.816           0.2040 
 
Non-converging group: Cabo Verde, Comoros, Haiti, Malawi, Mongolia, Papua New Guinea, Sao Tome 









Table 6 (continued) 
Tests of Club Convergence: Low- and Lower-Middle Income Countries 
 
Panel B:   Club Merging Tests 
      Clubs       𝛄𝛄 �        𝐭𝐭𝛄𝛄�  
Club 1 + Club 1   -0.096   -6.13a 
Club 2 + Club 3   -0.126   -7.10a 
Club 3 + Club 4   -0.108   -6.84a 
Club 4 + Club 5   -0.120   -7.05a 
Club 5 + Club 6   -0.095   -6.24a 
 
Notes:  Club convergence tests: Test for the one-sided null hypothesis, b� ≥ 0 against b� < 0, using the critical value 
t0.05 = −1.65156. Club merging tests:  Test for the one-sided null hypothesis, 𝛾𝛾� ≥ 0 against 𝛾𝛾� < 0, using the critical 
value t0.05 = −1.65156  . a: p ≤ 0.01. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
